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Abstract—Four longitudinal control techniques are compared: 
a classical Proportional-Integral (PI) control; an advanced 
technique—called the i-PI—that adds an intelligent component to 
the PI; a fuzzy controller based on human experience; and an 
adaptive-network-based fuzzy inference system. The controllers 
were designed to tackle one of the challenging topics as yet 
unsolved by the automotive sector: managing autonomously a 
gasoline-propelled vehicle at very low speeds. The dynamics in-
volved are highly nonlinear and constitute an excellent test-bed for 
newly designed controllers. A Citroen C3 Pluriel car was modified 
to permit autonomous action on the accelerator and the brake 
pedals—i.e., longitudinal control. The controllers were tested in 
two stages. First, the vehicle was modeled to check the controllers' 
feasibility. Second, the controllers were then implemented in the 
Citroen, and their behavior under the same conditions on an 
identical real circuit was compared. 
Index Terms—Autonomous vehicle, intelligent control, longitu-
dinal control, nonlinear control. 
I. INTRODUCTION 
D RIVING in traffic jam conditions is one of the most challenging topics of large city traffic management. The 
data on Madrid (Spain) indicate that its almost one million 
workers every day waste more than 30 minutes at rush hours 
because of traffic jams. The estimated annual cost is more than 
800 million euros [1]. This problem is being tackled by both the 
automotive industry and transport research groups with the goal 
of reducing these figures. With respect to the automotive sector, 
particular effort has been put into developing automatic vehicle 
speed control. The main aim of these controllers is to improve 
the safety of the car's occupants by relieving the human driver 
of tedious tasks so as to make driving easier, as well as making 
traffic flow more efficient. A first implementation was cruise 
control (CC) based on controlling the accelerator pedal [2]. 
This was then extended to adaptive CC (ACC) systems [3], 
developed to maintain a certain speed. A study of the impact 
of the widespread inclusion of CC systems can be found in [4], 
which finds, for instance, that there was a 50% reduction in 
crashes with injuries to the vehicle's occupants. However, these 
commercial systems are as yet incapable of working at speeds 
below 15 km/h—obviously the case in traffic jams. 
For urban environments, several advanced driver assistance 
systems (ADAS) [5] have been developed based on acoustics, 
haptics, or visual signals to warn the driver of potential colli-
sions, but the trend for the future is for there to be a step taken 
from developing driving aids to developing automatic driving 
controls. 
With these premises, research on autonomous systems ca-
pable of adapting a vehicle's speed in urban environments is 
one of the most important targets for the mid-term future of 
the market. Such systems, based on combined actions on the 
accelerator and brake pedals, are known as intelligent cruise 
control (ICC) [6]. Recent approaches to this problem have stud-
ied scaled vehicles [7], but gasoline-propelled vehicle dynamics 
at very low speeds are highly nonlinear and difficult to translate 
from a scaled vehicle to the real world. 
Since the essential mechanism to generate friction or braking 
efforts is the tire-road interaction, which is a very complex 
phenomenon and depends on many poorly known factors, the 
control strategies chosen for this work have a common point: 
they are all based on model-free control approaches. As a result, 
the tracking results obtained here will a priori be valid for most 
of the vehicle at any stage of its lifetime cycle. 
With these premises, the original contributions of this com-
munication are twofold. On one hand, to tackle one of the 
challenging topics as yet unsolved by the automotive sector: 
managing autonomously a gasoline-propelled vehicle at very 
low speeds. On the other hand, to perform a comparative 
study of four longitudinal controllers: a classical Proportional-
Integral (PI) controller; an advanced technique—called the 
i-PI—that adds an intelligent component to the PI; a fuzzy con-
troller based on human experience; and an adaptive-network-
based fuzzy inference system. These controllers were first 
tested in a simulation model. They were then translated to 
a mass-produced vehicle and tested on a real driving circuit, 
performing a comparative study of their behavior. 
The rest of this paper organized as follows. Section II intro-
duces the pre-requisites that have to be met by the controllers 
based on the comfort of the car's occupants. Section III presents 
the model of the vehicle, and the controllers that were designed 
are described in Section IV. The simulation results of the four 
controllers are compared in Section V. Section VI describes 
the mass-produced vehicle capable of managing accelerator 
and brake pedals, and Section VII presents the results using 
the real car. Finally, some concluding remarks are given in 
Section VIII. 
.2 O 
— - ? 
10 12 
time (s) 
observes that the deceleration values reached around - 3 m/s2. 
This suggests that values higher than a 20% opening are not to 
be considered for comfortable control. 
Once the maximum action allowable on the accelerator and 
brake pedals had been determined, the variables used to perform 
the control were defined. To this end, only values provided 
by the on-board sensors in the mass-produced vehicle were 
permitted, i.e., those provided via the CAN bus. In particular, 
the vehicle's actual speed and acceleration—obtained from 
a differential Hall Effect sensor and a piezoelectric sensor, 
respectively—were used as input variables. The reference (tar-
get) speed was generated via software. The frequency of actions 
on the pedals was set by the vehicle's CAN bus—25 Hz. 
Fig. 1. Experimental results of the vehicle's behavior with a human driver. 
II. PREREQUISITES 
Various prerequisites were set to ensure an objective com-
parison of the four proposed autonomous longitudinal control 
techniques. 
For the vehicle's speed control, priority was assigned to 
the occupants' comfort. The so-called Comfort Driving is an 
imprecise term whose limits may be taken at different values. A 
consensus widely accepted in the automotive sector is that given 
in [8], in which the maximum comfort acceleration is fixed 
at 2 m/s2. 
Given this basic target for comfort, we performed various 
tests to determine the maximum acceleration and the decel-
erations that might be experienced in the mass-produced car. 
For the acceleration, a human driver drove the vehicle from 
motionless with the accelerator (throttle) pedal pressed com-
pletely down. The car's behavior is shown in Fig. 1 (solid 
line). The upper plot is the vehicle's speed during the test, and 
the lower plot is its acceleration. The sampling interval was 
fixed by the parameters of the Controller Area Network (CAN) 
bus at 40 ms (25 Hz sampling rate). One observes that the 
acceleration exceeds the comfort value only slightly in the first 
instants—while the automatic gearbox is in first gear. Once the 
speed surpasses 15 km/h, the acceleration decreases to around 
1.5 m/s2. The values where the acceleration is null correspond 
to automatic gear changes, which are also reflected in small 
variations from smoothness in the speed curve. 
In sum, therefore, the vehicle's maximum acceleration is in 
line with the comfort acceleration of 2 m/s2, so that the entire 
accelerator pedal range is allowed. 
The electro-hydraulic braking system installed in the vehicle 
was designed to allow emergency braking and sharp deceler-
ation [9]. Given one of the purposes of the work (avoiding 
collisions in automatic driving), the allowed braking force 
engineered into the system was oversized relative to what would 
be required for comfortable driving. We therefore measured 
experimentally the deceleration generated for several constant 
pressure input values in order to determine the comfort values. 
To this end, automatic braking was activated via software at a 
constant pressure. The dashed line in Fig. 1 shows the speed 
and deceleration in one of these trials with 20% opening of the 
electro-proportional pilot. In the lower part of the figure, one 
III. MATHEMATICAL MODEL OF THE CAR 
The balance of forces along the vehicle's longitudinal axis 
(cf. [10]) gives 
MVX = Fx- Fa-Rx- Mg sin ( (1) 
where M is the mass of the vehicle, Vx the longitudinal 
velocity, Fx the sum of all four longitudinal tire forces, Rx the 
sum of all four tire forces due to rolling resistance, 0 the angle 
of inclination of the road, and Fa the longitudinal aerodynamic 
drag force. 
The rolling resistance forces are often modeled as a linear 
function of normal forces on each tire, i.e., Rx = krFz, with kr 
the rolling resistance coefficient and Fz the vertical load of the 
vehicle. 
The aerodynamic forces can be expressed as 
Fa = 7>pCdAF(Vx + Vwindf 
with p being the mass density of air, Cd the aerodynamic drag 
coefficient, AF the frontal area of the vehicle (the projected 
area of the vehicle in the direction of travel), and Vwind the 
wind speed. 
Finally, the Pacejka model [11] is used for each longitudinal 
tire/road interaction force, Fx.. They depend on many factors, 
but essentially on longitudinal slip T¿, normal forces FZi, and 
the coefficient of friction pi 
Fx f(n,Fz.,pi), i = i 
where the slip ratio of each wheel is defined as 
¿r-T4 
if Vx > uJir, Vx>0 
if Vx < UJir, UJir > 0 
with r being the wheel radius and w¿ the wheel angular velocity. 
Since longitudinal slip is usually small (T < 0.05), the tractive 
and braking forces can be simplified [10] as 
Fx L-ri-
being CXi a fundamental parameter intrinsic to the tire/road in-
teraction, called longitudinal stiffness coefficient. The rotation 
TABLE I 
MODEL PARAMETERS 
Parameter 
M 
cd AF 
CXi 
r 
h 
n 
T
m 
Pm 
UJm 
Kh 
Vb 
UJb 
Nominal Value 
1418 
0.32 
2.4 
40000 
0.21 
2 
25 
190 
0.4 
420 
220 
0.45 
1023 
dynamics of each wheel can be expressed as 
IiUJi = -VFX% + Te% - Th% (2) 
where I i is the wheel's moment of inertia, r the tire radius, re. 
the applied engine torque and r^. the brake torque, both applied 
to each wheel's center. 
The total engine torque re can be expressed in terms of the 
throttle opening ue by the expression [12] 
nUeTrt 1-Pn 
where n is the gear ratio, UJ is the average wheel speed, /3m 
is an engine torque parameter, and the maximum torque r m is 
obtained at engine speed üüm. 
Finally, the dynamics between the braking control variable 
t¿5 and braking torque 75 can be modeled as a second-order 
linear system [13] 
n(s) Kb 
s2 + 2r¡huühs + UÜ\ 
ub(s) 
with Kforjb, and UJ^ the static gain, damping factor, and natural 
frequency,l, respectively. All the numerical values of the model 
parameters are given in Table I. 
IV. DESIGN OF THE CONTROLLERS 
This section will describe the four control techniques used 
for the mass-produced car's speed control. 
A. PI Controller 
A PID controller is very useful for resolving a wide range 
of control problems. Indeed, more than 95% of all industrial 
control problems are resolved with PID control [12]. 
The control action is a sum of three terms: the past as repre-
sented by the integral of the error, the present as represented by 
the proportional term, and the future as represented by a linear 
extrapolation of the error (the derivative term). 
1
 Since the braking dynamics is much faster than that of the vehicle, it can 
be replaced in the vehicle model by an algebraic expression, without loss of 
realism [14]. 
TABLE II 
PI AND i-PI CONTROL PARAMETERS 
Controller 
PI 
i-PI 
K P e 
0.1 
0.1 
K i e 
1 
1 
CKe 
80 
K P b 
0.05 
0.05 
K i b 
0.005 
0.005 
c*b 
100 
Many of these controllers are actually PI because derivative 
action is either unnecessary or difficult to tune. Thus, a PI 
controller u will be classically tuned (cf. e.g., [12]) to reduce 
the velocity error 
u(t) = KPe(t) + ÜT/ / e(t)dt, e = Vr-Vx (3) 
with proportional Kp and integral Kj gains. 
More specifically, parameters Kp and Kj will be optimized 
to minimize the velocity Integral Absolute Error (IAE) 
IAE (Vx - Va)dt 
where Vs is the first derivative of a smoothed reference speed, 
while respecting the maximum confort longitudinal acceler-
ation. The results of this optimization process is shown in 
Table II. 
B. i-PI Controller2 
As given in [18], a finite-dimensional nonlinear system can 
be written locally as 
y (M) au (4) 
where a e R and ¡i e N are two constant parameters, which 
do not necessarily represent physical magnitudes and whose 
choice is based on the following guidelines: 
• ¡i is usually 1 or 2, and may represent the system order, but 
not necessarily. 
• a should allow F and au to be of the same order of 
magnitude. 
The term F, which is a sort of nonlinear black-box identifier3 
[18], [20], is computed with the input value at the preceding 
sample time u{tk-i) and with the /xth derivative estimate of the 
output [y(^ (tk)]e at the current sample time 
F(tk)=- \yM(tk)\ -cm(t f e_i). (5) 
Combining the sum of the four wheel dynamics (2) and (1), 
one obtains a differential relationship between vehicle speed 
2Note that this notation is not related to artificial intelligence techniques 
(cf. e.g., [15]—[17]), but rather to the capacity to complete automatically what a 
standard linear controller is unable to do. 
3It is worth mentioning that Time Delay Controllers, presented in [19] 
uses similar techniques to identify and compensate unknown dynamics and 
disturbances. 
and brake/engine torques 
^ ( ^ - E ^ i + «(*)) Mr 
G(t)=r(Fa-Rx-MgsmO) (6) 
where rg = J2i=i re¿ — r6¿ is a generalized torque applied to 
the vehicle—which will be positive or negative according to 
whether the throttle or brake are active. 
The acceleration and braking dynamics will be neglected 
locally with respect to the vehicle dynamics. Consequently, 
an algebraic expression will be considered to approximate 
the relationships between engine torque re = J2i=i re¿ a nd a 
normalized voltage (ue = Kere, ue e [0 — 1]), and between 
braking torque rb and a normalized voltage equivalent to the 
braking pressure Pf(ub = K'hPf = Kbrb = Kb Yn=i r Ü -
Using the formalism introduced in (4), (6) can be ex-
pressed as 
Vx{t)=F{t)+au{t), a = {ae,ab}, u = {ue,ub} (7) 
where F = (G - J2t=i hui)/Mr, ae = l/MrKb, ab = 
l/MrKb and u = rg is the control variable. 
If (7) is inverted and merged with a PI controller [12], the 
resulting i-PI control law yields 
u=-(V3-F)+ KPe + Kj [edt, e = Vx-Vs (8) 
a - J 
where Kp, Kj e M+ are PI-tuned gains (see Table II). 
Remark 1: In adaptive or predictive control, a precise model 
of the overall system is commonly sought to properly optimize 
or adapt the control action to any situation. The control par-
adigm presented here aims to define a reference trajectory in 
accordance with system dynamics, so that controller actions are 
as smooth as possible and do not exceed saturation limits. The 
algorithm presented in [21] will be used to transform in real-
time any step into a smooth reference that guarantees maximum 
acceleration and jerk compatible with the brake and motor 
systems. 
Equation (8) can be particularized in the present case to 
control the throttle 
Ue{tk) Vs(tk)-Fe(tk))+KPee(tk) 
1 
+ K,e / (e(tk))dt 
Fe(tk) =lx(tk) - Oieue(tk-i), ae 
and likewise with the brake 
1 
MrKP 
(9) 
ub(tk) = — (Vs(tk) - Fb(tk)) + KPbe(tk) 
ab \ / 
+ KlbJ (e(tk))dt 
Fb(tk) =lx{tk) ~ o¿bUb(tk-i), ab 
1 
MrKb 
(10) 
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Input variable "Speed Error" (km/h) Input variable "Actual Speed" (km/h) 
Fig. 2. Membership function definitions for the input variables (fuzzy 
controller). 
where jx(tk) ~ Vx(tk) is the longitudinal acceleration pro-
vided by the CAN bus. 
Finally, a decision rule will be established to determine 
whether braking or accelerator actions are needed. The control 
law of (10) will be applied if the speed setpoint is decreased. 
Since the motor exhibits much slower dynamics than the brake, 
when the smooth reference value is too close to its desired 
final target in this braking manuever, a possible accelerator 
action—(9)—will be allowed. In any other case, the accelerator 
control law (9) will be used. Even though this decision rule 
might seem too simple, it will be shown that it works properly 
and avoids the undesired effects of chattering between braking 
and accelerating actions [22]. 
Finally, note that PI and i-PI optimal gains for the propor-
tional and integral actions are identical. The a parameter of 
i-PI, both for brake and throttle, has been manually obtained 
once the pure PI parameters were optimized. 
C. Fuzzy Controller 
The fuzzy controller developed consists of a rule base con-
taining expert knowledge and a set of variables representing 
linguistic values. Although a vehicle presents highly nonlin-
ear behavior, a human driver is capable of driving based on 
experience. We use this human experience as expert knowl-
edge in order to design a controller capable of controlling the 
vehicle's speed at very low speeds. The tuning process was 
experimentally carried out with the idea of mimicking human 
driver behavior. In this connection, the fuzzy input variables 
were chosen as intuitive as possible. Final readjustments were 
carried out by trial and error procedure—as human drivers do to 
adapt the speed. As starting point, the pre-requisites presented 
in Section II have to be taken into consideration. Two variables 
are used as inputs: 
Speed error is defined as the difference between the target 
speed and the actual speed, in km/h. It contains three member-
ship functions—one for each of its three associated linguistic 
labels (see left side of Fig. 2). The Negative linguistic label 
represents the cases where the actual speed is significantly 
greater than the target speed, and the brake pedal has to be 
pressed. The Positive linguistic label indicates that the actual 
speed is lower than the target so that the accelerator pedal has 
to be pressed. Finally, the Center linguistic label includes the 
values where the speed error is close to zero. 
Actual speed, in km/h. This variable is introduced to make 
smoother target speed changes. Given that the maximum 
TABLE III 
FUZZY CONTROLLER RULE BASE 
Actual Speed 
Low 
Medium 
High 
Speed Error 
Negative 
-0.08 
-0.1 
-0.15 
Centre 
0.15 
0.2 
0.25 
Positive 
0.3 
0.35 
0.4 
1 
0.5 
acceleration allowed is 2 m/s2, its behavior differs according 
to the initial speed when a target speed change occurs (see 
Fig. 1). This fuzzy input also has three membership functions 
defined one for each one of its three associated linguistic labels 
(see right side of Fig. 2). Given that the controller is designed 
for very low speeds, the Low linguistic label represents cases 
when the vehicle's speed is close to the moment when the 
vehicle is started. The High linguistic label detects when the 
vehicle's speed is close to the maximum speed allowed— 
15 km/h. A central membership function is included with the 
Medium linguistic label. 
The output variable is Pedal. This determines which actuator 
has to be pressed, and the magnitude of the action. The fuzzy 
output variable's membership function shape is defined using 
Sugeno singletons which are based on monotonic functions. 
The possible output values are within the range [—1, 1], where 
— 1 indicates the brake pedal is completely depressed and 
1 indicates the maximum action is applied to the accelerator 
pedal. The output values assigned for each rule were deter-
mined experimentally, and are listed in Table III. 
The main advantage of this controller is that it is easily re-
adjusted since it consists of intuitive rules aimed at imitating 
human drivers. 
D. Neuro-Fuzzy Controller 
Following the development by Tagaki and Sugeno of a fuzzy-
logic-based controller [23], many industrial processes are now 
controlled using the knowledge of expert operators. The main 
advantage of a fuzzy controller is that an exact mathematical 
model of the system is unnecessary. The control problem is 
reduced to estimating the input, establishing a rule base, and 
assigning the output values. 
Nevertheless, for a large class of fuzzy applications, there are 
no standard methods for transforming human experience into 
the fuzzy system's rule base and database, and the problem is 
compounded as more variables are added into the control loop. 
Neuro-fuzzy systems combine the easy handling of if-then 
rules with the learning capacity of neural networks [24]. One 
of the most extensively used and successful in terms of the 
quality of its results is the adaptive-neuro-fuzzy inference 
system (ANFIS) [24], which combines a back propagation 
algorithm with a least squares method. There has been a recent 
application to improve speed tracking and the comfort of the 
vehicle in a simulation [25]. Also, some of the latest work of 
our group [26] has shown that previous fuzzy controllers can be 
improved by incorporating the experience of expert drivers via 
a neuro-fuzzy system, but, although the driving achieved was 
more comfortable, there was still a large speed reference error 
(around 1.59 km/h) [26]. 
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Fig. 3. Membership function definitions for the input variables (neuro-fuzzy 
controller). 
TABLE IV 
RULE BASE FOR SPEED ERROR = NEGATIVE 
Actual Speed 
Low 
Medium 
High 
Acceleration 
Negative 
-0.083 
-0.121 
-0.16 
Centre 
-0.072 
-0.062 
-0.127 
Positive 
-0.91 
-0.117 
-0.13 
The controllers described above in the present work—the i-PI 
and fuzzy controllers—provide the basis on which to generate 
a new controller using neuro-fuzzy techniques. It is essential 
to begin with a good database on which to train the neural 
network and to generate the membership functions, the rules, 
and the output using Sugeno singletons for the neuro-fuzzy con-
troller. This database will contain the measured input and the 
desired output. Given the difficulty in measuring the pressure 
of both pedals in real time while following a reference speed, 
in the present work we selected the best trials with the other 
controllers to train the neuro-fuzzy controller. In particular, 
we considered the steady state behavior of the i-PI and the 
transient state behavior of the fuzzy controller with which to 
apply the ANFIS learning strategies. An extensive experimental 
validation was carried out to check the system stability in urban 
environment situations at low speeds. 
A new controller has been estimated using adaptive neuronal-
network (ANFIS). The proposed neuro-fuzzy controller has 
three input variables (actual speed, acceleration, and speed 
error) and one output variable (pedal). The actual speed and 
the speed error have the same meaning as in the previous fuzzy 
controller section. The acceleration is measured in meters per 
second squared (m/s2), and is defined as the derivative of the 
actual speed at a given instant of time. Its linguistic representa-
tion is divided into three values: negative, center, and positive. 
Fig. 3 shows the shapes of the input membership functions. The 
output range is [—1,1] as in the fuzzy controller. These possible 
values are proportional to the number of rules generated by 
ANFIS. Because there are three input variables with three 
linguistic values, 27 rules are generated. Tables IV-VI present 
the rule bases generated. 
TABLE V 
RULE BASE FOR SPEED ERROR = : CENTER 
Actual Speed 
Low 
Medium 
High 
Acceleration 
Negative 
0.13 
0.111 
0.18 
Centre 
0.096 
0.0873 
0.23 
Positive 
0.117 
0.123 
0.26 
TABLE VI 
RULE BASE FOR SPEED ERROR : POSITIVE 
Actual Speed 
Low 
Medium 
High 
Acceleration 
Negative 
0.198 
0.281 
0.345 
Centre 
0.241 
0.306 
0.45 
Positive 
0.244 
0.355 
0.47 
The behavior of this controller can be improved by using 
a better database. In particular, since the neural network did 
not start with an expert trainer, some mistakes were necessarily 
carried over, and an improvement would be expected if one had 
exact pedal pressures produced by an expert driver. 
V. SIMULATION RESULTS 
As noted above, to evaluate the closed-loop system's behav-
ior with each of the controllers, the vehicle's dynamics were 
simulated with a model that takes the wheels, tire, brake, and 
engine dynamics into account. 
Corrupting measurement noise from the speed and accel-
eration CAN-based sensors was modeled as additive white 
Gaussian variables, with the measured speed and acceleration 
being expressed as VXm =VX+ A/"(0, a), a = 10~4 and j X m = 
Jx + A/"(0, a), a = 10~3, respectively. 
In order to analyze the controllers' behavior over a wide 
operating range, several target speed changes were performed 
in first gear [see the setpoint and smooth reference speeds in 
Fig. 4(a)]. The quality of the tracking, the evolution of the 
control action, and the vehicle's resulting acceleration can be 
observed in the three plots of Fig. 4 for the four controllers, 
which summarize the most important aspects of the controllers' 
behavior. 
In brief, all four controllers satisfy the Comfort Driving pre-
requisites, but with certain differences. 
• The transient responses are different with the fuzzy-based 
control methods from those with the Pi-based methods, 
especially in the convergence to the target speed. This is 
because PI controllers are designed to track a smoothed 
reference with bounded acceleration and jerk, whereas the 
regulation performed by fuzzy-based controllers is with 
respect to the final target speed. 
• The steady-state response is satisfactory with three of the 
controllers, the exception being PI, but i-PI reaches the 
target value more accurately than either of the fuzzy-based 
controllers. 
• The control actions are more abrupt in steady-state phases 
with the fuzzy controllers than with the PI controllers. 
Fig. 4. Controller comparison: simulation, (a) Vehicle's speed (b) normalized 
actions of the accelerator (0/1) and the brake (—1/0) pedals; (c) acceleration. 
Fig. 5. Mass-produced car modified to permit autonomous longitudinal control. 
VI. AUTOMATED CAR 
After this design and check of the four controllers in a 
simulation, a mass-produced car was instrumented with control 
devices to test them in a real environment with a real car. In 
particular, this was a convertible Citroen C3 Pluriel (Fig. 5) 
modified to permit autonomous actions on the accelerator and 
brake pedals. These modifications allowed the controllers' out-
puts to be sent to the vehicle's actuators. 
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Fig. 6. Controller comparison: experimental, (a) Vehicle speed; (b) normalized actions of the accelerator (0/1) and the brake (—1/0) pedals; and (c) acceleration. 
The car is equipped with an on-board industrial PC located in 
the boot that governs the various peripheral devices connected 
to it. A PCMCIA card is used to obtain the CAN bus data. Two 
different cards are connected to send the output control signals 
to the actuators. Details about throttle and brake automation 
processes can be found in [9] and [27]. 
As noted above, the control cycle rate is fixed by the CAN 
bus, with each 40 ms, a new control signal being sent to the 
actuators. In the trials, the vehicle was motionless until a non-
zero reference speed was received via software. To compare the 
controllers, a specific route was defined and the same reference 
speed changes were sent to them. 
VII. EXPERIMENTAL RESULTS 
Various target speed changes were set each 30 s, all within 
the very low speed range that was the object of the present 
study. To avoid any effect of gear changes, the automatic 
gearbox was maintained at all times in first gear. 
Fig. 6 shows the results for each of the controllers. The upper 
plot depicts the vehicle's speed with respect to the target speed. 
The middle plot shows the action on the accelerator and brake 
pedals, with the values being normalized in the range [0, 1] to 
indicate an action on the accelerator and [-1,0] for the brake. 
The lower plot is a reflection of the car's occupant comfort as 
given by the acceleration. 
TABLE VII 
COMPARISON OF CONTROLLERS 
Contr. 
PI 
i-PI 
Fuzzy 
N-fuzzy 
Control action 
FFT median 
1.20- 10-4 
1.24- 10-4 
3.07- 10-4 
6.89 • 10-4 
max 
0.39 
0.36 
0.35 
0.35 
Track, err. (km/h) 
mean 
1.188 
0.716 
0.629 
0.543 
median 
0.660 
0.190 
0.360 
0.250 
Mean comp. 
cost (s) 
4.13- 10-6 
3.77- 10-6 
3.71 • 10-6 
6.60 • 10-6 
To quantify these results, three principal control quality 
indicators will be compared (see Table VII): the absolute 
tracking error, the computational cost, and the softness of the 
control action. The first two can be computed directly from 
measurements. The last was estimated as the median frequency 
of the control action's Fast Fourier Transform (FFT). 
FFT is an an efficient algorithm to compute the Discrete 
Fourier Transform (DFT) T 
N-l 
Uk=f(uk) = ^UfceH^), k = 0...N-l 
i=0 
where uk is the control action at time tk and N is the length 
of the control action signal. It is well known that DFT allows 
to analyze the frequency spectrum of a sampled signal, and 
as a consequence, its sharpness. Two complementary statistical 
indicators will be taken from the control signal: the maximum 
value and the median u of sequence Uk 
P(Uk < ¿) > ^ A P(Uk > ü) > \ 
to have a good indicator of the overall control action while 
giving reduced importance to outliers. 
Besides, two different parameters will be also considered to 
evaluate the tracking performance from the absolute speed error 
e(tk) = \Vr(tk)-Vx(tk)\, tke [0,T] 
being Vr the reference speed: the mean e = (l/N) J2k=o ek 
and the median e, that naturally weights the steady-state error 
P ( e f e ) ^ é ) ^ A P ( e ( í f c ) > é ) ^ . 
One observes (see Fig. 6) that the PI controller was unable to 
attain the reference speed during the entire test. This is reflected 
in Table VII where the PI controller is the unique over the 
unity in the mean tracking error value. The behavior of the 
i-PI controller was excellent in response to positive reference 
speed changes in both transient and steady states. In response 
to negative reference speed changes, it needed more time to 
reach the steady state—as can be seen in the change from 
15 to 3 km/h. This effect is mainly due to the fact that, for 
comfort reasons, the throttle is allowed to act slightly before 
the set-point is attained in braking maneuvers. While the fuzzy 
controller improved the results for negative reference speed 
changes, it presented large fluctuations in the steady state. 
The neuro-fuzzy controller corrected these fluctuations, but its 
behavior in the steady state was somewhat poorer (see the 
median tracking value in Table VII) than the i-PI controller. 
The action on the actuators—i.e., on the accelerator and brake 
pedals—was significantly softer in the i-PI controller than in 
the fuzzy and neuro-fuzzy controllers, as is reflected in the car's 
acceleration. Despite all the controllers satisfying the Comfort 
Driving pre-requisites, the fluctuations were smaller with the 
i-PI controller (see the control action FFT median in Table VII). 
The highest control action was obtained by the PI controller. 
Finally, mean computational cost (see Table VII) is quite 
similar for all 4 controllers. The Neuro-Fuzzy controller ob-
tained a slightly higher execution time. 
In brief therefore, PI is a well-known technique but it gave 
the poorest controller. The fuzzy controller can be intuitively 
re-tuned and its behavior can be considered acceptable; the 
neuro-fuzzy controller is an improvement but at the cost of 
losing the re-tuning option; and the i-PI controller shows the 
best behavior in the steady state with the greatest comfort, 
confirming the findings of the simulation. However, the tran-
sient response is still an unresolved issue in i-PI, especially in 
braking maneuvers. This fact is mainly due to the hybrid nature 
of the actuator, and several solutions are under investigation to 
solve this problem using recent results (cf. e.g., [28]). 
VIII. CONCLUSION 
A comparative study of four control techniques has been 
presented: classical PI control, a novel control technique de-
nominated i-PI control, fuzzy control based on human expert 
knowledge and experience, and neuro-fuzzy control. These 
controllers were designed, validated in simulations, and imple-
mented in a mass-produced car. It was not only the goal of 
the study to compare different intelligent control techniques 
but also to try to respond to one of the unsolved problems of 
ADAS—speed control with a full-range capability, in particu-
lar, at the low speeds that occur in traffic jams. To this end, 
a mass-produced car—a Citroen C3 Pluriel—was modified to 
manage the accelerator and brake pedals autonomously to use 
it as a test-bed for the controllers. 
The intelligent control techniques were implemented in this 
car using the on-board sensors without involving any additional 
cost in extra-sensorial information. Only a minimum of modifi-
cations were made to allow automatic action on the accelerator 
pedal via an analog card, and on the brake pedal via an electro-
hydraulic pump. 
The controller comparison showed the PI controller to be 
unacceptable because of its large tracking error. The human 
knowledge based fuzzy controller presented good behavior as 
well as being easy and intuitive to re-tune via its rule base. In-
deed, the time needed to design this controller was significantly 
shorter than needed for the others. The neuro-fuzzy controller 
gave better results but at the cost of it being difficult to change 
the rule base that was generated. Finally, the i-PI controller 
gave the best behavior as measured by the averages of the 
quality parameters tested. Its main drawback is in its tracking 
of negative reference speed changes. 
From the ADAS point of view, we have presented the design 
and implementation of three valid solutions for an as yet unre-
solved issue in the automotive sector—automatic speed control 
at very low speeds. The systems presented can be used to relieve 
the human driver of the type of tedious tasks that arise when 
driving in traffic jams. 
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